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But the typical set assumes that relevant out-distributions 
overlap in support with the data distribution…
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• For uniform class distribution, second term is , where # classeslog K K =
• Many more bits associated with generating the object

• To prioritize important information in modeling, employ representation learning!
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Generative models exhibit detection failures.

The “right” method depends on assumptions on out-distributions.

Failures can result from even minimal estimation error.

Rather than rely entirely on generative models, consider learning good representations.

Alternative test statistics can correct for estimation error.
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